Motivation: Genotyping and parameter estimation using high throughput sequencing data are 8 everyday tasks for population geneticists, but methods developed for diploids are typically not applicable 9 to polyploid taxa. This is due to their duplicated chromosomes, as well as the complex patterns of 10 allelic exchange that often accompany whole genome duplication (WGD) events. For WGDs within a 11 single lineage (autopolyploids), inbreeding can result from mixed mating and/or double reduction. For
Introduction 27
The discovery and analysis of genetic variation in natural populations is a central task of evolutionary 28 genetics, with applications ranging from the inference of population structure and patterns of historical 29 demography, detecting selection and local adaptation, and performing genetic association studies. The random variable with parameters α = p 1−Fi Fi and β = (1−p ) 1−Fi Fi , which scales the binomial probability 108 of successfully drawing an alternative allele by both the allele frequency (p ) and the amount of inbreeding 109 (F i ) (Balding and Nichols, 1995; Bradburd et al., 2013) . The log likelihood of the genotype data for this 110 model given the allele frequency at each site (p ) and the per-individual inbreeding coefficients (F i ) is 111 then 112 log L(p, F ; G) = i log P (g i |p , F i )
where B(α, β) represents the beta function with parameters α and β. Since genotypes must be inferred 113 from sequence data (d i ; see Methods), we can also account for this uncertainty by summing over 114 the possible genotype values to get the likelihood of the sequence data given allele frequencies and 115 inbreeding coefficients by including genotype likelihoods [P (d i |g i )]:
can model the sum of the number of alternative alleles in the two subgenomes as a product of two binomial distributions. The log likelihood for known genotype data across individuals at all loci is then 159 given by
The inclusion of genotype likelihoods is done in a similar way to the autopolyploid model, only now we 161 are summing over the values of the genotypes in both subgenomes one and two. The log likelihood for 162 the observed sequence data given the allele frequencies in each of the subgenomes is
where P (d i |g i ) is the genotype likelihood, and P (g 1i |p * 1 ) and P (g 2i |p 2 ) are binomial distributions.
164
Because maximizing the log likelihood involves the logarithm of a double sum, we turn once again 165 to the expectation maximization algorithm to obtain a ML estimate for the allele frequency at each 166 locus in subgenome two (Dempster et al., 1977) . An analytical solution for the maximization step of the 167 EM algorithm is given by (derived in the Supplemental Text, §S1.2)
where P (g i = a 1 + a 2 |d i , p * 1 , p
2 ) is the joint conditional probability of the genotypes in subgenomes 169 one and two given the data and the current parameter estimates. Using these ML estimates, an empirical 170 Bayes estimate of the genotypes within each of the subgenomes can be found using their joint posterior 171 probability (note that subscripts i and are dropped for readability) 172 P (g 1 = a 1 , g 2 = a 2 |d)
for a 1 = 0, . . . , m 1i and a 2 = 0, . . . , m 2i .
173
Other Approaches
174
We consider two additional approaches that use genotype priors that have been described in previous 175 studies. The first is an implementation of the SAMtools Hardy Weinberg equilibrium prior (Li, 2011) 176 and the second is a flat prior on genotypes that is similar to the model used by the Genome Analysis considered here because they can only handle specific ploidy levels (triploids and/or tetraploids).
sequencing error values at each locus, , across reads and individuals (Li, 2011) . Then for the possible 183 values of the genotype (a = 0, . . . , m i copies of the alternative allele), the probability of the read data,
where
which is the probability of drawing an alternative allele weighted by the probability of a sequencing 187 error.
188
Simulations 189 We generated sequencing read data with mean coverage per individual, per locus equal to 2x, 5x, 10x, of alternative reads for each individual at each locus was drawn from the binomial distribution in Eq.
199
(8) given the total read count, genotype, and level of sequencing error. For each simulation, we evaluated 200 estimation error using the root mean squared deviation (RMSD).
201
To compare our models with other methods, we reused these simulated data as input for the A key to the symbols and notation that are used in describing the autopolyploid and allopolyploid models. We use a either a bold or bold-capitalized letter when referring to the collection of parameters together (e.g., G refers to g i for all individuals at all loci). Parameters within subgenomes for the allopolyploid model use the same symbol but with either a 1 or a 2 added as a subscript. 
